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Abstract
The aim of this study is to investigate the hypothesis that smoking
reduces earnings. We use data from the Special Survey on Tobacco Ad-
diction, which was jointly carried out with the 2008 Brazilian National
Household Sample Survey. Our results support the hypothesis that smok-
ing reduces wages. Furthermore, we found that about two-thirds of wage
differential between male smokers and non-smokers is due to observable
characteristics.
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Resumo
O principal objetivo deste artigo é analisar a hipótese de que o taba-
gismo reduz os rendimentos do trabalho. Utilizamos dados da Pesquisa
Especial de Tabagismo (PETab) realizada durante a PNAD 2008. Nossos
resultados sustentam a hipótese de que fumar cigarro afeta negativamente
o salário. Além disso, encontramos que as características observáveis ex-
plicam aproximadamente dois terços do diferencial salarial observado en-
tre homens fumantes e não-fumantes.
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1 Introduction
Cigarettes are consumed by almost 1 billion adults in the world. Without a
doubt smoking is associated with a higher risk of developing serious diseases
such as cancer, emphysema and cardiovascular diseases. As a consequence,
it causes the death of more than six million smokers every year. In Brazil,
tobacco use often takes the form of consumption of manufactured cigarettes.
In 2013, there were 21.5 million smokers in Brazil, 18.5 million of whomwere
daily smokers. According to the Brazilian Ministry of Health, about 200,000
deaths per year are related to tobacco consumption.
Regarding the private economic costs of smoking, a clear reduction in smo-
ker’s disposable income can be observed since smokers not only buy cigarettes,
but may also be forced to spend money on medical treatment due to smoking.
However, the costs associated with the effects of smoking on the labor market
are not so evident.
There are few empirical studies published supporting the hypothesis that
smoking can severely affect labor market outcomes through multiple chan-
nels such as wage (Van Ours 2004, Lye & Hirschberg 2004, Levine et al. 1997),
absences (Leigh 1995, Ault et al. 1991), accidents (Leistikow et al. 2000), and
less chance of participation (Lee et al. 1991). Indirect effects can also be cau-
sed by non-observed preferences and by the behavior of persistent smokers
(Grafova & Stafford 2009). With regard to wage, these studies conclude from
earnings equations where smoking is controlled. Ideally, these studies would
have to solve two serious problems that arise in the attempt to identify the
causal effect of smoking in wages, namely: sample selection - resulting from
the decision to participate in the labor market - and smoking endogeneity. Un-
doubtedly, the endogeneity imposes a major difficulty in identifying the effect
of smoking on earnings.
On the one hand, some empirical studies have found that smoking reduces
earnings (Levine et al. 1997, Auld et al. 1998, Lee et al. 1999, Braakmann 2008,
Anger & Kvasnicka 2010). On the other hand, other studies did not reject
that smoking does not affect earnings (Van Ours 2004, Heineck & Schwarze
2003, Braakmann 2008). However, none of these studies solved both sample
selection and smoking endogeneity problems at the same time.
The relationship between cigarette demand and income already eviden-
ced in the literature (Levine et al. 1997) is a source of endogeneity between
smoking and earnings. The endogeneity occurs because someone with a high
intertemporal discount rate invests less in human capital and would be more
predisposed to smoking (Almeida & Araújo Júnior 2017). As a result, the ne-
gative effect of such preferences on current consumption could be attributed
to the fact that the individual is a smoker.
Recently, Almeida & Araújo Júnior (2017) found, using a instrumental
quantile regression approach, that brazilians workers who smoke receive 15.2%
to 36.5% less than others workers. Our study is based on the same Special
Survey on Tobacco Addiction, but we consider gender differences and ex-
ploit a different set of instrumental variables. Another novel contribution
of our approach lies in the decomposition of earnings applying the Oaxaca-
Blinder decomposition to measure the wage gap between male smokers and
non-smokers, which has been poorly investigated in the literature.
The aim of this study is to test the hypothesis that smoking reduces ear-
nings. For this purpose, an empirical strategy to jointly deal with smoking
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endogeneity and sample selection was applied. This reduction in wages can
occur through mechanisms such as increased absenteeism, reduced producti-
vity, and discrimination in the labor market. An important discussion on the
discrimination hypothesis is presented by (Levine et al. 1997). The authors
analyzed the effects of smoking on income and raised the hypothesis that dis-
crimination occurred over the years as public intolerance to smoking became
gradually stronger. Many employers institutionalized their own policies to
ban smoking from their premises and some institutions adopted employment
policies to hire non-smokers only. Those authors argue that in such scenario
discriminatory employment practices can be adopted and reduce the wages
of smokers and their expectations of employment.
This paper is sctructured as follows. Section 2 presents the data and sam-
ple. Section 3 describes the methodological procedures. Sections 4 and 5 show
the main results and concluding remarks, respectively.
2 Data and Sample
We use data from the Special Survey on Tobacco Addiction (PETab, in the
Brazilian acronym), which was jointly carried out with the 2008 Brazilian Na-
tional Household Sample Survey (2008 PNAD, in the Brazilian acronym). The
survey was conducted through a partnership between the Brazilian Institute
for Geography and Statistics (IBGE in Brazilian acronym), the Ministry of He-
alth, the National Cancer Institute, the Health Surveillance Secretariat and
the National Health Surveillance Agency. It should be noted that the PETab
survey is carried out in Brazil as part of an initiative of the World Health Or-
ganization and of the Centers for Disease Control and Prevention. This part-
nership was established with the aim of promoting part of a survey conducted
in 14 countries, including Brazil, entitled Global Adults Tobacco Survey.
PNAD is a multipurpose random household survey that investigates se-
veral socioeconomic characteristics of the population, some on a permanent
basis and others with variable periodicity, such as health status and smoking
habit. An interesting advantage of this survey lies in its national coverage;
additionally, this survey collects data on many other variables related to hou-
sehold structure and socioeconomic aspects of household members (labor,
wage, education, housing characteristics, age, etc.). In addition to their re-
presentativeness at national level, this data covers several aspects related to
tobacco addiction such as: tobacco use, attempts to quit smoking, exposure
to tobacco, access to awareness-raising campaigns and perceptions about the
risks of smoking, as well as aspects related to buying cigarettes and tobacco
products.
The data was collected from a sub-sample of households surveyed through
the 2008 PNAD, covering individuals aged 15 and above in about 51,000
Brazilian households. The individuals included in that sub-sample answe-
red questions related to the use of tobacco products, their attempts to quit
smoking, their exposure to smoke and their access to awareness-raising cam-
paigns and to information on the risks of smoking, among other issues related
to the main topic. For other people interviewed through the survey, informa-
tion is also available on the habit of smoking, type of tobacco product used,
and amount consumed.
To make the sample suitable for empirical modeling, we excluded all in-
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dividuals under 18 years old or over 60 years old to reduce the labor market
participation selection bias problem. Thus, our sample is restricted to indivi-
duals in the 18-60 age bracket; we also excluded individuals with ill-defined
occupations, individuals who were still studying, individuals who worked but
had no earnings, individuals who did not state their income, and individuals
with wages in excess of R$ 100,000.00 (Brazilian currency).
After applying the mentioned filters to the sample and with missing va-
lues, our empirical exercises began with two subsamples: 95,626 women and
95,090 men. Sample expansion factors associated to each observation were
used.
3 Methodology
We know that OLS estimates for the earnings equation may be biased due to
an individual’s decision to participate in the labor market. Thus, with the aim
of identifying the effect of smoking, Heckman’s procedure was applied to cor-
rect the sample selectivity bias (see Heckman 1979). Additionally, the smoker
variable might be endogenous. This makes it more difficult to identify the hy-
pothetical effect of smoking on earnings. Thus, an empirical strategy was ap-
plied to simultaneously address the sample selection bias resulting from the
decision to participate in the labor market and the smoking endogeneity (see
Wooldridge 2010, 567-570). As a final step, we are able to decompose any exis-
tent difference to measure the influence of observable and non-observable cha-
racteristics using the Oaxaca-Blinder decomposition method (Oaxaca 1973,
Blinder 1973). We will now present each of the methodologies used, duly
specifying the variables used in each model.
Heckit Estimator
The modelling exercise began with the standard linear regression model esti-
mated by OLS:
y2i = β
′xi + εi (1)
where y2i is the logarithm of hourly earnings from the main job for individual
i; xi is a row vector containing a dummy variable labeled by smoker - which
assumes value 1 if the individual is a smoker and 0 otherwise, other control
variables (which will be described later) and a constant; β is a column vector
of coefficients and εi is the random disturbance with εi ∼N (0,σε).
This earnings equation is separately estimated by gender. As usual in ear-
nings equations, education was proxied by years of schooling. We also con-
sidered the existence of a threshold effect, besides the years of schooling va-
riable based on previous evidence from Brazil found by Hoffmann & Simão
(2009) and Justus et al. (2015). The returns on education are positive, sugges-
ting that increases in earnings are substantially higher from 10 years of scho-
oling. It should be noted that the first year of schooling yielding the highest
return is that of the 11th grade, the last grade of high school. Therefore, we
considered the existence of a threshold effect, besides the years of schooling
variable, and included variable Sλ = Z(S−λ) in the specification, where λ = 10
is the threshold, i.e. the value of schooling from which the return on educa-
tion increases, and Z is a dummy variable that assumes value 0 for S , λ and
value 1 for S > λ.
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Other control variables are experience in the labor market, usually measu-
red using a typical mincer model by proxy defined by the difference between
the actual age of the person and that at which he or she began to work, and the
square of this variable; a dummy variable to distinguish between white (Cau-
casian, Asian people) and non-white (black, mulatto, indigenous people); a
dummy variable to distinguish between residence in an urban or rural area; a
dummy variable for labor union membership; two dummy variables to distin-
guish between three activity sectors: agriculture (base group), industry and
services; three dummy variables to distinguish between three positions: em-
ployer, employee and self-employed (base group). Controls were included in
all models for Brazil’s 27 federated units (26 dummy variables).
However, the estimates obtained by OLS from equation (1) are biased since
we only observe wages for those who are working. That is, wages are related
to the decision to participate in the labor market or not, which can be denoted
by:
Pr[y1i = 1] = Φ(β
′
1x1) (2)
where y1i is an indicator variable that assumes value one for those who work
and zero otherwise, and x1 is a vector of characteristics related to labor market
participation.
Because OLS estimates for earnings equations may be biased due to an
individual’s decision to participate in the labor market, we apply the Heckit
estimator (see Heckman 1979). This empirical strategy consists in: i) estima-
ting the participation decision (equation 2), ii) obtaining φ(β̂′1x1) and Φ(β̂
′
1x1)
through the estimated parameters from Equation 2, iii) calculating the esti-




1x1), and adding this
estimate as regressor in Equation 1.




1x1i ) + εi (3)
which can be estimated by OLS, generates a consistent estimator of beta and
is identified without any restrictions in the regressors (Cameron & Trivedi
2009).
It is important to note that the participation equation - probit regression -
contains the same regressors as the earnings equation, except for the dummy
variables for labor union membership, position, and activity sectors. We also
included other personal and family characteristics: a dummy variable for non-
labor income (e.g. from conditional cash transfer programs), which is 1 if the
person has such income and 0 otherwise; and a dummy variable for marital
status, which is 1 if the man is married and 0 otherwise; a dummy variable
for children living in the same household, which is 1 if there are children in
the household and 0 otherwise; a dummy variable for position in the family,
which is 1 if the man is the head of the family and 0 otherwise.
In Table 1, we present all the variables used in the two mentioned equati-
ons. In addition, the description of the variables contains a superscript whose
purpose is to identify in which of the equations the variables are used.
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Table 1: Definition, mean and standard deviation of variables
Variable Variable Definition
Men Women
Mean Std. Dev. Mean Std. Dev.
Hourly Earnings
Logarithm of hourly earnings from
the main joba 1.373 0.886 1.240 0.873
Smoker 1 if is smoker and 0 otherwiseab 0.247 0.431 0.152 0.359
Years of Schooling Years of Schoolingab 7.565 4.312 8.285 4.303
Sλ Threshold for schoolingab 0.382 0.486 0.460 0.498
Experience Years of experiencea 22.952 12.568 20.896 12.361
White 1 if is white and 0 otherwiseab 0.442 0.497 0.468 0.499
Urban
1 if lives in an urban area and 0
otherwiseab 0.852 0.355 0.904 0.295
Labor Union 1 if is a labor union membership and
0 otherwisea
0.192 0.394 0.156 0.363
Industry 1 if works in the industry sector and
0 otherwisea
0.171 0.376 0.141 0.348
Service 1 if works in the service sector and 0
otherwisea
0.675 0.468 0.830 0.376
Agriculture 1 if works in the agricultural sector
and 0 otherwisea
0.154 0.361 0.029 0.167
Employer 1 if is an employer and 0 otherwisea 0.059 0.235 0.034 0.182
Employee 1 if is an employee and 0 otherwisea 0.694 0.461 0.787 0.409
Self-employement 1 if is self-employed and 0
otherwisea
0.247 0.432 0.178 0.383
Married 1 if is married and 0 otherwiseb 0.652 0.476 0.608 0.488
Children 1 if has children and 0 otherwiseb 0.522 0.500 0.641 0.480
Non Labor Income 1 if earns non-labor income and 0
otherwiseb
0.036 0.186 0.069 0.253
Householder 1 if is householder and 0 otherwiseb 0.632 0.482 0.311 0.463
Age Age in yearsb 37.161 11.550 37.544 11.568
Works 1 if works and 0 otherwiseb 0.862 0.345 0.573 0.495
Number of Smokers Number of smokers in the
householdc
0.200 0.476 0.229 0.478
Respiratory Disease 1 if has been already diagnosed
with asthma or bronchitis and 0
otherwisec
0.027 0.163 0.042 0.201
Observations 95,090 95,626
Note: a indicates variables that were olny used in earning equations;
b indicates variables that were only used in selection equations;
ab indicates variables that were used in selection and earnings equations;
c indicates variables that were used instrumental variables; quadratic term were used
for age in the selection equation and for experience in the earnings equation; dummy
variables for Brazilian states were used in both equations.
Endogenous Explanatory Variable (IV-GMM)
As suggested in the literature, it is possible that the variable smoker is endo-
genous. This imposes more difficulty in identifying the hypothetical effect of
smoking on earnings. Thus, we applied an empirical strategy to deal with
the sample selection bias resulting from the decision to participate in the la-
bor market and smoking endogeneity at the same time (see Wooldridge 2010,
567-570).
In addition to the participation equation and the earnings equation, there
is another equation:
y2i = β
′xi +βssmokei + εi (4)
smokei = β
′xi + δ
′zi + vi (5)
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where z is a vector with two robust instruments for variable smoker, which
is now treated as an endogenous variable: i) number of smokers living in
the same household (number of smokers) and ii) a dummy variable to indicate
whether the individual had been already diagnosed with asthma or bronchitis
(respiratory disease). It is assumed that both variables are correlated with
smoking but do not affect earnings.
Thus, as y1 and smoker were always observed along with z, Equation 4 can
be estimated by 2SLS controlling for inverse Mills ratio, which was obtained
from Equation 6 since smoke is endogenous.
In short, the procedure was performed in three steps. First, the selection
equation (participation equation) was estimated using all observations in the
probit model and taking into account the two instruments cited, besides the
previously mentioned regressors.




Second, the estimated inverse Mills ratios for all observations were calcu-











Third, using the selected subsample for which wages and smoking were
observed, we estimated the earnings equation also taking into account the
inverse Mills ratios besides the controls variables cited previously. Thus,
y2i = β
′xi +θsmokeri +σ12λ2(β̂′1x1i + δ̂′zi ) + εi , (9)
In the presence of heteroskedasticity, the GMM estimator is more efficient
than the IV estimator (Baum et al. 2003). Thus, we estimated the parameters
of the overidentified model using the optimal GMM.
Oaxaca-Blinder Decomposition
If smoking negatively affects earnings, then we are able to decompose this dif-
ferential in order to measure the influence of observable and non-observable
characteristics. Oaxaca-Blinder decomposition (Oaxaca 1973, Blinder 1973)
for smoking and non-smoking individuals was applied for this purpose.
Decomposition is performed in two stages. In the first one, earning equa-
tions are estimated for each of the groups, labeled s, for smokers and ns for
non-smokers. Once this is done, the difference between the logarithm of ave-
rage earnings between workers in the two groups is calculated as
D = E(ys)−E(yns) (10)
= E(β′sxs + ε)−E(β
′




where E(ε) = 0 was used. According to Jann (2008), this equation can be rear-










where β∗ represents a vector of coefficients related to non-discrimination, term
[E(xs) − (xns)]′β∗represents the earnings differential that is explained by the
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mean observable characteristics of smoking and non-smoking individuals, and
other component on the right side of the equation refers to the portion not ex-
plained by these characteristics.
As presented in Jann (2008), in the presence of sample selection it is ne-
cessary to deduct the effects of the sample selection from the total difference,
and then apply decomposition. In practical terms, two possibilities are sug-
gested: i) calculating the decomposition together with the Heckman proce-
dure or ii) adjusting the decomposition with the inverse Mills ratio. In this
paper, we chose to adjust the decompositions using the estimates: λ(β̂′1x1) =
φ(β̂′1x1)/Φ(β̂
′
1x1). Note that since we are decomposing the wage gap between
smokers and non-smokers and the procedure consists of estimating an income
equation for each of the groups, it is not necessary to take the endogeneity
between smoking and non-smoking and the income earned in the job market
into account in the decomposition.
4 Results
Table 2 shows the earnings equations estimated by OLS, Heckman’s procedure
and IV-GMMwith correction for sample selection bias. The selection equation
estimates for Heckman’s procedure and the results of the first-stage regression
of the endogenous variable smoker are also presented.
In this study, we are interested in the variable smoker. However, it should
be noted that for all control variables (e.g., schooling and experience) the re-
sults are the ones usually observed in studies on earnings determinants in the
Brazilian labor market and international literature.
Since dependent variable is the natural logarithm of earnings, if c is the
estimated value of the conditional marginal effect, the estimated percentage
change in earnings due to change in a dummy variable is [exp(c)−1]×100. Ba-
sed on IV-GMM estimates with correction for sample selection bias, we found
that smoking had a greater impact on earnings. Smoking reduces wages by
29.7 and 24.2% for men and women, respectively. This is a serious economic
consequence of being a smoker.
The higher magnitude after controlling for smoking endogeneity was also
verified in previous studies. In Auld et al. (1998) for example, control for
simultaneity between wages and smoking suggests that smokers earn about
20% to 67% less than non-smokers. This incremental effect after using ins-
trumental variables was also observed by Van Ours (2004) when analyzing
men’s earnings. It is worth remembering that none of these studies applied a
correction for sample selection bias.
Our results for the reductions observed in the wages of smokers as compa-
red to those of non-smokers are corroborated by the literature, which provides
several examples of ways by which smoking influences labor income. Anger
& Kvasnicka (2010) show that the wages paid to smokers can decrease due
to their reduced productivity resulting from high rates of absenteeism and he-
alth problems or due to potential discrimination of smokers by employers and
co-workers. Damages to one’s health, however, can be irreversible. Smoking
can therefore have a negative impact on both an individual’s current capacity
and on his or her wages in the future.
In relation to absenteeism, Halpern et al. (2001) show that the rate of ab-












Table 2: Earnings equations using OLS, Heckman’s procedure and IV-GMM with correction for sam-
ple selection bias: Brazilian individuals aged from 18 to 60 years old, by gender
Variables
Men Women
OLS Heckit IV-GMM OLS Heckit IV-GMM
2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage
Smoker −0.0633∗∗∗ −0.0550∗∗∗ −0.0747∗∗∗ −0.2126∗∗∗ −0.0688∗∗∗ −0.0264∗∗∗ −0.0245∗∗∗ −0.0163 −0.4194∗∗∗ −0.0206
(0.0059) (0.0061) (0.0139) (0.0353) (0.0141) (0.0091) (0.0092) (0.0136) (0.0561) (0.0137)
Years of Schooling 0.0816∗∗∗ 0.0793∗∗∗ 0.0363∗∗∗ 0.0773∗∗∗ 0.0346∗∗∗ 0.1049∗∗∗ 0.1085∗∗∗ 0.0710∗∗∗ 0.1032∗∗∗ 0.0706∗∗∗
(0.0011) (0.0011) (0.0015) (0.0012) (0.0016) (0.0015) (0.0019) (0.0012) (0.0020) (0.0012)
Sλ 0.0408∗∗∗ 0.0446∗∗∗ 0.0357∗∗∗ −0.0529∗∗∗ −0.0515∗∗∗ −0.0684∗∗∗
(0.0082) (0.0082) (0.0084) (0.0108) (0.0108) (0.0113)
Experience 0.0373∗∗∗ 0.0315∗∗∗ 0.0323∗∗∗ 0.0262∗∗∗ 0.0281∗∗∗ 0.0293∗∗∗
(0.0008) (0.0009) (0.0011) (0.0009) (0.0011) (0.0011)
Experience Squared −0.0005∗∗∗ −0.0004∗∗∗ −0.0004∗∗∗ −0.0003∗∗∗ −0.0004∗∗∗ −0.0004∗∗∗
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
White 0.1440∗∗∗ 0.1401∗∗∗ 0.0577∗∗∗ 0.1384∗∗∗ 0.0567∗∗∗ 0.1460∗∗∗ 0.1432∗∗∗ −0.0377∗∗∗ 0.1371∗∗∗ −0.0402∗∗∗
(0.0055) (0.0055) (0.0134) (0.0055) (0.0134) (0.0067) (0.0068) (0.0105) (0.0069) (0.0104)
Urban 0.1165∗∗∗ 0.1466∗∗∗ −0.4233∗∗∗ 0.1488∗∗∗ −0.4105∗∗∗ 0.1328∗∗∗ 0.1396∗∗∗ 0.0672∗∗∗ 0.1525∗∗∗ 0.0664∗∗∗
(0.0085) (0.0088) (0.0204) (0.0092) (0.0203) (0.0131) (0.0132) (0.0159) (0.0135) (0.0159)
Labor Union 0.1757∗∗∗ 0.1730∗∗∗ 0.1670∗∗∗ 0.2641∗∗∗ 0.2630∗∗∗ 0.2619∗∗∗
(0.0068) (0.0068) (0.0069) (0.0089) (0.0089) (0.0091)
Industry 0.2747∗∗∗ 0.2714∗∗∗ 0.2662∗∗∗ 0.0284 0.0280 0.0044
(0.0101) (0.0101) (0.0103) (0.0251) (0.0251) (0.0258)
Service 0.2555∗∗∗ 0.2546∗∗∗ 0.2536∗∗∗ 0.1818∗∗∗ 0.1823∗∗∗ 0.1713∗∗∗
(0.0093) (0.0093) (0.0094) (0.0238) (0.0238) (0.0244)
Employer 0.6447∗∗∗ 0.6441∗∗∗ 0.6375∗∗∗ 0.6795∗∗∗ 0.6786∗∗∗ 0.6710∗∗∗
(0.0149) (0.0149) (0.0150) (0.0245) (0.0245) (0.0249)
Employee 0.0555∗∗∗ 0.0541∗∗∗ 0.0586∗∗∗ 0.0595∗∗∗ 0.0616∗∗∗ 0.0577∗∗∗
(0.0070) (0.0070) (0.0070) (0.0104) (0.0104) (0.0105)













Table 2: Earnings equations using OLS, Heckman’s procedure and IV-GMM with correction for sample
selection bias: Brazilian individuals aged from 18 to 60 years old, by gender (continuation)
Variables
Men Women
OLS Heckit IV-GMM OLS Heckit IV-GMM
2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage
Mills Ratio −0.2368∗∗∗ 0.0335
(0.0307) (0.0261)
Married 0.4098∗∗∗ 0.3915∗∗∗ −0.2428∗∗∗ −0.2351∗∗∗
(0.0209) (0.0212) (0.0130) (0.0127)
Children 0.0706∗∗∗ 0.0754∗∗∗ −0.1338∗∗∗ −0.1387∗∗∗
(0.0196) (0.0198) (0.0123) (0.0121)
Non Labor Income −0.4855∗∗∗ −0.5890∗∗∗ −0.3004∗∗∗ −0.3028∗∗∗
(0.0311) (0.0283) (0.0193) (0.0192)
Householder 0.3501∗∗∗ 0.3285∗∗∗ 0.2390∗∗∗ 0.2474∗∗∗
(0.0147) (0.0150) (0.0133) (0.0129)
Age 0.1110∗∗∗ 0.1103∗∗∗ 0.1400∗∗∗ 0.1419∗∗∗
(0.0036) (0.0036) (0.0032) (0.0031)
Age Squared −0.0016∗∗∗ −0.0016∗∗∗ −0.0018∗∗∗ −0.0018∗∗∗
(0.0000) (0.0000) (0.0000) (0.0000)
Number of Smokers −0.0405∗∗∗ 0.0132
(0.0119) (0.0102)
Respiratory Disease −0.1359∗∗∗ −0.0632∗∗∗
(0.0352) (0.0234)
Constant 0.1028∗∗∗ 0.2095∗∗∗ −0.9891∗∗∗ 0.2493∗∗∗ −0.9160∗∗∗ −0.1031∗∗∗ −0.2189∗∗∗ −2.7169∗∗∗ −0.0843∗ −2.7621∗∗∗
(0.0223) (0.0235) (0.0731) (0.0252) (0.0739) (0.0325) (0.0491) (0.0644) (0.0490) (0.0610)
Number of Observations 81,974 81,974 95,090 81,974 95,090 54,772 54,772 95,626 54,772 95,626
GMM C (Difference-in-Sargan) 21.5960 54.7778
Hansen’s J Test 0.0169 0.3563
Robust standard errors in parentheses; ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. dummy variables for Brazilian states were used.
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calculated for those who never smoked. It should be mentioned that in the
group of individuals who were smokers in previous periods, absenteeism de-
clined as they stopped smoking. With similar results, Weng et al. (2013) found
that current smokers face a 33% higher risk of absenteeism than non-smokers.
Those in the former group were absent from work for 2.64 more days per year
on average than those in the latter.
In terms of productivity, smoking can reduce the net productivity of wor-
kers due to its effects on their ability to perform manual tasks (Levine et al.
1997) and to the high absenteeism rates recorded for smoking workers and/or
their lower physical and mental resistance (Grafova & Stafford 2009). Con-
sidering subjective productivity (productivity as assessed by others and per-
sonal life satisfaction), Halpern et al. (2001) showed significant trends with
higher figures for those who never smoked in their life, lower figures for cur-
rent smokers, and intermediate figures for individuals who were smokers in
previous periods.
In view of the evidence of effects of smoking on earnings in all the estima-
ted models, we decomposed this differential in order to shows the influence
of observable and non-observable characteristics. Oaxaca-Blinder decomposi-
tion (Oaxaca 1973, Blinder 1973) for smoking and non-smoking individuals
was applied for this purpose. Table 3 shows the results.
Table 3: Oaxaca-Blinder decomposition for logarithm of hourly earnings
Men Women
OLS Heckit OLS Heckit
Smokers 1.2159∗∗∗ 1.2670∗∗∗ 1.1302∗∗∗ 1.0346∗∗∗
(0.0067) (0.0127) (0.0106) (0.0401)
Non-smokers 1.4555∗∗∗ 1.5330∗∗∗ 1.2826∗∗∗ 1.2345∗∗∗
(0.0039) (0.0074) (0.0044) (0.0167)
Difference −0.2396∗∗∗ −0.2660∗∗∗ −0.1524∗∗∗ −0.1999∗∗∗
(0.0078) (0.0146) (0.0115) (0.0434)
Explained −0.1763∗∗∗ −0.1735∗∗∗ −0.1260∗∗∗ −0.1312∗∗∗
(0.0054) (0.0054) (0.0077) (0.0080)
Unexplained −0.0633∗∗∗ −0.0925∗∗∗ −0.0264∗∗∗ −0.0688
(0.0059) (0.0138) (0.0091) (0.0427)
Number of smokers 19,799 19,799 8,165 8,165
Number of non-smokers 62,175 62,175 46,607 46,607
Robust standard errors in parentheses; ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
Considering the results from decomposing the model with sample selec-
tion correction, around two-thirds of the wage differential between smoking
and non-smoking men are due to their observable characteristics. The same
proportion was found for women, but unobserved factors were not statisti-
cally significant for women. As far as we know, the only study that sought
to analyze the decomposition of wage differentials between smokers and non-
smokers was one conducted by Hotchkiss & Pitts (2013). The authors found
that the differential between the groupswas of about 24%, two-thirds of which
were explained by differences in observable characteristics.
Our results corroborate by Becker & Murphy (1988) the theory of rational
addiction, which suggests a higher intertemporal preference for the present
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for individuals with an addiction of some kind. Considering their higher pre-
ference for the present, smokers have lower incentives to invest in human
capital since they will not be able to enjoy its returns for the same period
of time as non-smokers. There was virtually no change in the magnitude of
wage differentials between smokers and non-smokers that can be explained
by observable characteristics for both males and females and regardless of the
model used for the decomposition.
Still regarding the decomposition, we could only observe a significant ef-
fect of non-observable characteristics on the earnings of smokers compared to
non-smokers for men. This effect may result, for example, from a certain pro-
ductive heterogeneity not controlled for by the model’s exogenous variables
or even from discrimination toward smokers in the labor market. This signi-
ficance can be justified by studies that confirm that smokers generate higher
costs for companies. Smoking workers can be more expensive for their em-
ployers due to their increased absenteeism, higher health insurance premium,
higher maintenance costs, and negative effects on the company’s image. Due
to health problems associated with smoking, smokers themselves may prefer
jobs that provide partial or full health insurance to higher-wage jobs (Levine
et al. 1997).
Robustness Checks
Regarding our instrument variables, the coefficient for respiratory disease is
highly significant statistically (p < 0.001) for both men (β = −0.1359) and wo-
men (β = −0.0632), as expected. The number of smokers variable is statisti-
cally significant at 1% level only in the first-stage equation estimated for men.
After the GMM estimation, we performed a robust test of endogeneity
(orthogonality conditions). The GMM C statistic is χ2 distributed with one
degree of freedom, under the null hypothesis that the regressor is exogenous.
We apply the test to our model with one potentially endogenous regressor,
smoker, intrumented by number of smokers and respiratory disease. The stas-
tistic is χ2 = 21.60 (p = 0.0000) and χ2 = 54.78 (p = 0.0000) for men and
women, respectively. For both genders, the statistical test leads to the strong
rejection of the null hypothesis that smoker is an exogenous variable in the
earnings equations. We conclude that it is endogenous.
We also applied Hansen’s J test to test the validity of the overidentified
restrictions. The statistic is χ2 = 0.02 (p = 0.8965) and χ2 = 0.36 (p = 0.5505)
for men and women, respectively. Because p > 0.05, we do not reject the null
hypothesis. The failure to reject H0 is interpreted as indicating that at least
one of the instruments is valid. We conclude that overidentifying is valid. For
details about this endogeneity and overidentification tests see (Cameron &
Trivedi 2009).
Finally, we estimated the earnings equations once again disregarding va-
riables related to activity sector and position in the occupation, as these are
potentially endogenous characteristics, to check the robustness of the estima-
tes. For all variables, the estimates are virtually the same as compared to those












Table 4: Earnings equations without potential endogenous regressors using OLS, Heckman’s proce-
dure and IV-GMMwith correction for sample selection bias: Brazilian individuals aged from 18 to 60
years old, by gender
Variables
Men Women
OLS Heckit IV-GMM OLS Heckit IV-GMM
2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage
Smoker −0.0739∗∗∗ −0.0654∗∗∗ −0.0747∗∗∗ −0.2286∗∗∗ −0.0688∗∗∗ −0.0257∗∗∗ −0.0235∗∗ −0.0160 −0.4447∗∗∗ −0.0206
(0.0061) (0.0062) (0.0139) (0.0361) (0.0141) (0.0093) (0.0094) (0.0136) (0.0570) (0.0137)
Years of Schooling 0.0912∗∗∗ 0.0888∗∗∗ 0.0360∗∗∗ 0.0866∗∗∗ 0.0346∗∗∗ 0.1105∗∗∗ 0.1144∗∗∗ 0.0710∗∗∗ 0.1086∗∗∗ 0.0706∗∗∗
(0.0011) (0.0012) (0.0015) (0.0012) (0.0016) (0.0015) (0.0020) (0.0012) (0.0020) (0.0012)
Sλ 0.0321∗∗∗ 0.0357∗∗∗ 0.0270∗∗∗ −0.0513∗∗∗ −0.0496∗∗∗ −0.0673∗∗∗
(0.0085) (0.0085) (0.0087) (0.0110) (0.0111) (0.0116)
Experience 0.0403∗∗∗ 0.0343∗∗∗ 0.0347∗∗∗ 0.0279∗∗∗ 0.0300∗∗∗ 0.0313∗∗∗
(0.0008) (0.0009) (0.0011) (0.0009) (0.0011) (0.0011)
Experience Squared −0.0005∗∗∗ −0.0004∗∗∗ −0.0004∗∗∗ −0.0003∗∗∗ −0.0004∗∗∗ −0.0004∗∗∗
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
White 0.1616∗∗∗ 0.1577∗∗∗ 0.0580∗∗∗ 0.1552∗∗∗ 0.0567∗∗∗ 0.1562∗∗∗ 0.1530∗∗∗ −0.0373∗∗∗ 0.1463∗∗∗ −0.0402∗∗∗
(0.0056) (0.0057) (0.0134) (0.0056) (0.0134) (0.0068) (0.0069) (0.0105) (0.0071) (0.0104)
Urban 0.2570∗∗∗ 0.2870∗∗∗ −0.4234∗∗∗ 0.2910∗∗∗ −0.4105∗∗∗ 0.1778∗∗∗ 0.1854∗∗∗ 0.0671∗∗∗ 0.1960∗∗∗ 0.0664∗∗∗
(0.0078) (0.0081) (0.0203) (0.0085) (0.0203) (0.0129) (0.0130) (0.0159) (0.0133) (0.0159)
Labor Union 0.1563∗∗∗ 0.1532∗∗∗ 0.1472∗∗∗ 0.2526∗∗∗ 0.2515∗∗∗ 0.2502∗∗∗
(0.0069) (0.0069) (0.0070) (0.0089) (0.0089) (0.0091)
Mills Ratio −0.2600∗∗∗ 0.0362
(0.0317) (0.0267)













Table 4: Earnings equations without potential endogenous regressors using OLS, Heckman’s pro-
cedure and IV-GMM with correction for sample selection bias: Brazilian individuals aged from 18
to 60 years old, by gender (continuation)
Variables
Men Women
OLS Heckit IV-GMM OLS Heckit IV-GMM
2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage 2nd Stage 1st Stage
Married 0.4115∗∗∗ 0.3915∗∗∗ −0.2434∗∗∗ −0.2351∗∗∗
(0.0208) (0.0212) (0.0130) (0.0127)
Children 0.0763∗∗∗ 0.0754∗∗∗ −0.1337∗∗∗ −0.1387∗∗∗
(0.0196) (0.0198) (0.0123) (0.0121)
Non Labor Income −0.4744∗∗∗ −0.5890∗∗∗ −0.3009∗∗∗ −0.3028∗∗∗
(0.0314) (0.0283) (0.0193) (0.0192)
Householder 0.3485∗∗∗ 0.3285∗∗∗ 0.2384∗∗∗ 0.2474∗∗∗
(0.0146) (0.0150) (0.0134) (0.0129)
Age 0.1106∗∗∗ 0.1103∗∗∗ 0.1398∗∗∗ 0.1419∗∗∗
(0.0036) (0.0036) (0.0032) (0.0031)
Age Squared −0.0016∗∗∗ −0.0016∗∗∗ −0.0018∗∗∗ −0.0018∗∗∗
(0.0000) (0.0000) (0.0000) (0.0000)
Number of Smokers −0.0405∗∗∗ 0.0132
(0.0119) (0.0102)
Respiratory Disease −0.1359∗∗∗ −0.0632∗∗∗
(0.0352) (0.0234)
Constant 0.1732∗∗∗ 0.2808∗∗∗ −0.9840∗∗∗ 0.3343∗∗∗ −0.9160∗∗∗ 0.0210 −0.1026∗∗ −2.7130∗∗∗ 0.0295 −2.7621∗∗∗
(0.0211) (0.0224) (0.0730) (0.0243) (0.0739) (0.0254) (0.0464) (0.0649) (0.0440) (0.0610)
Number of Observations 81,974 81,974 95,090 81,974 95,090 54,772 54,772 95,626 54,772 95,626
GMM C (Difference-in-Sargan) 22.3074 60.5239
Hansen’s J Test 0.0940 0.2609
Robust standard errors in parentheses; ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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5 Concluding Remarks
We do not reject the hypothesis that smoking reduces earnings, i.e., smoking
really harms wages. Our results are in line with those recently presented by
Almeida & Araújo Júnior (2017), but our estimates are higher, i.e., men (wo-
men) who smoke earn 29.7% (24.2%) less than other non-smokers workers.
Furthermore, when the wage differential between smokers and non-smokers
were decomposed, we saw that a significant part of this difference is due to
observable characteristics for both men and women. This final exercise provi-
des evidence that women smokers suffer less wage discrimination than men
smokers.
It is well known how harmful smoking is. We provide evidence that the
private costs of smoking are not limited to health-related aspects, but that
they also affect wages. Productivity on the decline, high absenteeism rates,
and the higher costs borne by employers are possible reasons referred to in
the literature. This paper contributes to the literature by showing that the
decrease in earnings is partly explained by non-observable characteristics in
the labor market only for men. We provide more evidence of the hazards
of smoking in an unprecedented way by addressing the topic in the context
of a developing country with approximately 20 million smokers and 200,000
deaths caused by tobacco use every year.
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